[1] Downwelling surface solar radiation is an important input to ecosystem models, and global models require spatially extensive data sets that vary interannually to capture effects that potentially drive changes in ecosystem function. In this paper, I describe and compare solar radiation data sets from two representative sources, National Centers for Environmental Prediction (NCEP) reanalyses and Goddard Institute for Space Studies (GISS) calculations that included satellite observations of cloud properties. The CASA ecosystem model, which uses solar radiation and satellite-derived vegetation information, was run with the two solar radiation data sets to explore how differences affect estimated net primary production (NPP). GISS solar radiation matched ground-based observations better than NCEP solar radiation. Mean global NCEP solar radiation exceeded that from GISS by 16%, likely as a result of lower cloudiness within the NCEP reanalyses compared to satellite observations. Neither data set resulted in a significant trend over the study period (1984-2000). Locally, relative differences were up to 40% in the mean and 10% in the trend of solar radiation and NPP, and varied in sign across the globe. Because reanalysis solar radiation is only indirectly constrained by observations in contrast to the satellite-derived data, it is recommended that studies use the GISS solar radiation when possible.
Introduction
[2] Models, input data sets, and computing power have advanced sufficiently such that in the last decade, estimates of ecosystem properties have become available at the global scale. Interest in the global carbon (C) cycle and its relationship to future climate change has led to studies of global C stocks and fluxes. Results have been used to quantify regional or global net carbon balance, identify locations with carbon sources or sinks, and propose mechanisms that drive these responses [Cao et al., 2002; Hicke et al., 2002a; McGuire et al., 2001; Nemani et al., 2002; Nemani et al., 2003; Potter et al., 1999; Schimel et al., 2000] .
[3] Solar radiation, used to prescribe photosynthetically active radiation (PAR) at the top of the canopy, is among the inputs required by ecosystem models. Although solar radiation inputs are sometimes limited to capturing the annual cycle due to the lack of data (e.g., historical runs such as reported by McGuire et al. [2001] ), solar radiation does vary in time. Downwelling surface solar radiation has decreased by 1 -3% per decade over the last 50 years as indicated by ground-based measurements (though the time periods varied among studies) [Cohen et al., 2004; Gilgen et al., 1998; Liepert, 2002; Stanhill and Cohen, 2001] , consistent with decreases in pan evaporation over the last 50 years [Roderick and Farquhar, 2002] . Behavior in the 1990s suggests a recovery, however [Cohen et al., 2004] . Responsible mechanisms include changing aerosol and cloud properties [Liepert, 2002; Stanhill and Cohen, 2001] .
[4] Spatiotemporal variability in solar radiation can significantly affect carbon fluxes. In their study of global NPP trends, Nemani et al. [2003] reported large increases in NPP in the tropics driven by increasing solar radiation from NCEP. Hicke et al. [2002b] compared conterminous United States NPP calculated using National Centers for Environmental Prediction (NCEP) solar radiation with that computed with data from the VEMAP project [VEMAP Members, 1995] . NPP trends over 12 years were similar with the two sets of input data, but the higher NCEP solar radiation resulted in higher NPP by $10%.
[5] For model inputs of temperature and precipitation, multiple sources of data exist that satisfy the necessary requirements of global extent and interannual variability (e.g., from NCEP reanalyses [Kistler et al., 2001] ). In contrast, solar radiation is not recorded operationally by weather stations, and coverage of ground-based instruments is sparse. Global estimates of solar radiation therefore rely on models of the propagation of radiation through the atmosphere together with information about atmospheric conditions that affect this propagation. The physical processes governing radiative transfer through the atmosphere are well known, and with adequate knowledge of the state of the atmosphere, the solar radiation incident at the surface can be calculated with sufficient accuracy for use in ecosystem models. Even highly parameterized, fast radiative transfer models suitable for inclusion into general circulation models (GCMs) calculate incident solar radiation to within 4 -11% (compared to results from more detailed models) [Fouquart et al., 1991] .
[6] Several types of global solar radiation data sets exist. The first type is produced with a GCM that assimilates observations of the atmosphere. In addition to producing global, physically consistent estimates of temperature, pressure, and winds that are constrained by observations, the GCM uses representations of other important processes such as clouds, radiation, and the land surface to model a suite of atmospheric and surface variables.
[7] A second type of solar radiation data set is calculated using a radiative transfer model (similar to ones used in reanalysis projects) together with satellite-derived atmospheric properties, most importantly clouds. Global satellite observations of cloud variables have become available as part of the International Satellite Cloud Climatology Project (ISCCP). Several groups have used the ISCCP cloud variables together with other information about the atmosphere (e.g., water vapor, aerosols) to compute radiation fluxes [Darnell et al., 1992; Pinker and Laszlo, 1992; Zhang et al., 1995 Zhang et al., , 2004 . While limited to the time period of ISCCP data availability and thus satellite observations, the use of direct observations of clouds in these data sets provides a comparison of radiative fluxes to those from reanalyses.
[8] A third type of data set estimates solar radiation from other climate variables. An example is the CLIMSIM model, which uses temperature and precipitation to estimate incident solar radiation [Running et al., 1987] .
[9] The goals of this study were to describe two representative solar radiation data sets available for input to global ecosystem models, to quantify differences in the two data sets, and to explore how possible differences affect estimates of NPP using the CASA ecosystem model [Potter et al., 1993] . The NCEP reanalysis was utilized owing to its spatial and temporal extent, online availability, and inclusion in recent studies. The Goddard Institute for Space Studies (GISS) satellite-derived data set was produced by the same team that developed the ISCCP data set, is the longest time series of solar radiation estimates of the several ISCCP-based data sets available, and incorporated the latest version of ISCCP cloud information. I compared the GISS and NCEP solar radiation against observations from a ground-based data set, and investigated differences in the mean spatial patterns of these two global data sets as well as in the temporal trends. Effects on spatiotemporal patterns of NPP are presented. Absolute differences between the two data sets are discussed in addition to relative differences to allow for comparisons of magnitudes among regions. The study will inform future ecosystem modeling studies that include solar radiation as an input.
Data Sets and Models
2.1. Solar Radiation 2.1.1. NCEP
[10] The NCEP reanalysis (www.emc.ncep.noaa.gov/ research/mrf.html) [Phillips, 1996] is based on the National Meteorological Center (NMC) model described by Kanamitsu [1989] . The calculation of shortwave radiation uses the method of Lacis and Hansen [1974] to account for multiple scattering by the adding/doubling method as well as for gaseous absorption by O 3 and water vapor (Table 1) . CO 2 absorption follows that described by Sasamori et al. [1972] . O 3 and CO 2 are prescribed using climatologies; water vapor is predicted by the NMC model; and clouds are diagnosed from model-predicted relative humidity, vertical motion, and convective rain similar to Slingo [1987] . Cloud radiative properties (e.g., optical depth) are specified as a function of cloud pressure thickness and temperature following Harshvardhan et al. [1989] .
[11] Updates to the NMC model that affected solar radiation calculations included changes to the convection parameterization scheme and diagnostic cloud scheme [Kalnay et al., 1996] . These changes improved precipitation and outgoing longwave radiation estimates compared to observations.
[12] The NCEP reanalysis surface radiation is available every 6 hours from 1948 to the present. For this study, I averaged the mean daily radiation, available online from the NOAA Climate Diagnostics Center (www.cdc.noaa.gov), over each month during the time period of interest (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) .
[13] Reanalysis output variables were subjectively classified by Kalnay et al. [1996] according to how strongly each variable was influenced by observations. Downwelling surface solar radiation is considered a category C variable, which indicates that no observations directly affect this variable. The authors advised caution in interpreting the results of class C variables.
[14] Multiple studies have evaluated the NCEP surface radiation. Bony et al. [1997] compared 2 years of data over the tropical oceans to satellite-derived radiation calculated by Darnell et al. [1992] and Pinker and Laszlo [1992] , and found that the NCEP reanalyses systematically underestimate the net solar radiation by 10-30 W m À2 . Despite this, Bony et al. reported that the NCEP total cloud fraction was less than the ISCCP cloud fraction by 10-20%, and so suggested that differences occurred owing to differences in cloud radiative properties. Similar conclusions for additional years, for land as well as ocean, and for latitudes equatorward of 60°were reached by Weare [1997] . With 4 years of ocean radiative fluxes, Scott and Alexander [1999] found spatial variability in differences between NCEP and satellite-derived net surface shortwave fluxes, depending on cloud type. Furthermore, NCEP interannual variability exceeded the satellite-derived variability in some regions, while the reverse was true in other regions. Ladd and Bond [2002] found that NCEP reanalyses overestimated downwelling surface solar radiation by 70-80 W m À2 in the Bering Sea and by 20 W m À2 in the northeast Pacific Ocean compared to mooring data, likely resulting from inaccurate representation of clouds in the model. Yang et al. [1999] reported that global NCEP reflected solar radiation was overestimated compared to ERBE data. They found good agreement with clear-sky fluxes, however, implying deficiencies in the NCEP cloud parameterizations that are currently being investigated.
GISS
[15] The International Satellite Cloud Climatology Project (ISCCP) combines observations from geostationary and polar-orbiting satellites to retrieve global cloud properties at diurnal, seasonal, and interannual scales. Cloud variables retrieved include cover fraction, top pressure and temperature, and optical depth. Data collection began in July 1983, and cloud information is available at different spatial resolutions, including 30-km data from individual satellites as well as a gridded product (280 km). The latest version (''D'') includes numerous updates, including revised calibrations and improved cloud detection over land [Rossow and Schiffer, 1999] . Currently, cloud information is available from July 1983 through June 2001, but additional data will become available at least through 2006 [Zhang et al., 2004] . The GISS solar radiation calculation used these cloud properties to calculate radiative fluxes.
[16] The radiative transfer model employed to compute the GISS data set was a new version of the GISS GCM [Hansen et al., 2002] (Table 1) . The original version is described by Hansen et al. [1983] . Significant updates to the radiative transfer model relevant to downwelling surface shortwave fluxes include additional spectral resolution, the incorporation of temporally varying aerosols, and improved cloud parameterizations such as the better representation of ice clouds [Zhang et al., 2004] . The GISS GCM model considers gaseous absorption (all radiatively significant gases) in a multiple scattering, vertically inhomogeneous atmosphere from the surface to the top of the atmosphere (TOA). The adding/doubling method of Lacis and Hansen [1974] to account for multiple scattering when computing fluxes is the same as employed in the NCEP model. However, the GISS model uses the correlated k-distribution to represent the spectral dependence of radiative fluxes, which is a generalization of the method described by Lacis and Hansen [1974] and is more accurate for inhomogeneous atmospheres (such as Earth's) [Hansen et al., 1983] . Fifteen non-contiguous spectral intervals are used to compute the shortwave fluxes. Radiative fluxes are computed globally every 3 hours at 280-km spatial resolution.
[17] The GISS radiative transfer model was modified to accommodate atmospheric inputs that replace those provided by the GCM [Zhang et al., , 2004 . Temperature and water vapor profiles were specified from the TIROS Operational Vertical Sounder (TOVS) data set produced by NOAA [Kidwell, 1995] . Ozone was taken from the Total Ozone Mapping Spectrometer (TOMS) [McPeters et al., 1996] . Tropospheric climatological and interannually varying stratospheric aerosols were included; stratospheric aerosols were specified by Stratospheric Aerosol and Gas Experiment II (SAGE II) satellite observations [Sato et al., 1993] .
[18] Clouds were defined in the model by the ISCCP cloud top temperature and climatological cloud pressure increment. Cloud cover fraction, optical depth, and water path were also taken from the ISCCP data set. Radiative fluxes from this new version as well as an earlier version of this data set that used a previous release of ISCCP cloud variables (''C'' instead of ''D'') were compared to various other radiative flux estimates Zhang et al., 2004] , including (1) TOA fluxes as measured by the Earth Radiation Budget Experiment (a series of satellites that were in operation during the late 1980s) as well as fluxes observed by the CERES satellite instrument, (2) the Global Energy Balance Archive [Ohmura and Gilgen, 1991] and the Baseline Surface Radiation Network ] data sets consisting of ground-based flux measurements supplemented by satellite analyses and bulk transfer formulas, and (3) additional local ground-based measurements. Resulting uncertainties were estimated to be 5 -10 W m À2 at the top of the atmosphere and 10-15 W m À2 at the surface for regional and monthly means [Zhang et al., 2004] . Specifically, comparison of downwelling surface solar radiation with the Baseline Surface Radiation Network data ] revealed a mean difference of 2 W m À2 , a root-mean squared error of 19 W m
À2
, and r = 0.98.
Growing Season Solar Radiation
[19] Because plant growth is close to zero in winter for most extratropical regions owing to temperature and light limitations, analysis of total annual radiation would include months when radiation is not important for computing NPP. Therefore total growing season solar radiation (GSS; J m À2 yr
À1
) was computed for comparison between the two data sets,
where S i,j was the solar radiation (W m À2 ) during growing season month i at grid cell j. The growing season was defined as months when mean monthly NPP > 10% of the maximum mean monthly NPP for that grid cell. I report global solar radiation for land areas (S; J yr À1 ) as the areaweighted sum of GSS across all land areas,
where A j is the area of grid cell j.
GEBA Ground-Based Observations of Solar Radiation
[20] The Global Energy Balance Archive (GEBA) database stores information about observations of global solar radiation that have been collected at sites across the globe from 1922 to 1990 [Gilgen and Ohmura, 1999] . Quality control procedures have been applied to the data that allow for the screening of observations that may be in error. Global shortwave irradiances from 1405 stations were selected for comparison with the NCEP and GISS data; only those observations that were not flagged as erroneous were utilized. Mean GEBA solar radiation was computed for the NCEP and GISS grids from GEBA stations that fell within each grid cell. As a result of the sparseness of the GEBA database, most grid cells with any ground-based observations (about 150 -200 per year) contained only one station, though in more densely populated regions, such as Europe, grid cells contained up to four stations. Comparisons between annual mean solar radiation data sets are shown, though using monthly data resulted in similar behavior.
Ecosystem Model
[21] The Carnegie-Ames-Stanford Approach (CASA) ecosystem model is a production-efficiency model driven by satellite data as well as temperature, precipitation, solar radiation, and land cover and soil classifications [Field et al., 1995; Potter et al., 1993] . CASA computes NPP as a function of the absorbed photosynthetically active radiation (APAR), a maximum potential light-use efficiency variable e*, and temperature (T e ) and moisture (W e ) scalars that represent climate stresses on vegetation light-use efficiency,
where fAPAR is the fraction of APAR, solar radiation is converted to PAR by multiplying by 0.5, and fAPAR Â PAR = APAR. Following Los et al. [2000] , fAPAR is computed by using the linear relationships between fAPAR and the Normalized Difference Vegetation Index (NDVI) and fAPAR and the simple ratio (SR),
where NIR is the reflectance in the near infrared channel and VIS is the reflectance in the visible channel of the Advanced Very High Resolution Radiometer (AVHRR). Los et al. [2000] found that an average of fAPAR using NDVI and SR compared best with field observations.
[22] The Global Monitoring and Mapping Studies (GIMMS) NDVI processing algorithm [Brown et al., 2005; Los et al., 2000; Tucker et al., 2001] corrects the index for influences that contaminate the data, such as differences in solar zenith angle, sensor degradation, intercalibration, and missing values. I used the GIMMS Version G of NDVI, released in July 2004, from 1984 -2000, matching the availability of the GISS solar radiation data. I aggregated the monthly 8-km NDVI data to a spatial resolution of 0.5°by averaging the 50% of the 8-km cells with the highest NDVI. This method was a compromise between an average of all 8-km cells and the maximum NDVI in each 0.5°grid cell, and reduced cloud contamination in persistently cloudy regions while allowing for some spatial variability within each grid cell. The two solar radiation data sets, at 2.5°(GISS) and roughly 2°(NCEP) spatial resolution, were interpolated to the 0.5°NDVI grid cells.
[23] The maximum potential light-use efficiency e* (equation (3)) is set by a calibration step where CASA NPP is fit to field observations of NPP [Potter et al., 1993] . In this study, I set e* to 0.46 for the runs using NCEP solar radiation, and to 0.50 for the runs using GISS solar radiation. The temperature and moisture scalars (T e and W e ) are used to reduce e* in response to climate conditions that act to stress plants beyond what may be resolved in the NDVI [Field et al., 1995] . T e and W e are computed at every location at each time step using climate data. Temperatures and precipitation were taken from Version TS 2.0 of the data set produced by the Climate Research Unit (CRU) (T. D. Mitchell et al., A comprehensive set of high-resolution grids of monthly climate for Europe and the globe: The observed record (1901 -2000) and 16 scenarios (2001 -2100), submitted to Journal of Climate, 2005) . These data are interannually varying with 0.5°spatial resolution.
[24] The Moderate Resolution Imaging Spectroradiometer (MODIS) land cover product was aggregated from 1-km spatial resolution to 0.5°using the most common land cover class for each grid cell. The Food and Agriculture Organi-zation (FAO)/UNESCO soil map specified soil texture in CASA [FAO/UNESCO, 1971] . [25] Comparisons of annual means from the GISS and NCEP data sets with GEBA ground-based solar radiation revealed a reduced error in the GISS data set (Figure 1) . Linear least squares fits to the data show that the GISS solar radiation more closely matched the GEBA data than the NCEP solar radiation in terms of slope (1.01 versus 0.87 for the NCEP fit), offset (4.9 versus 67.1), and R 2 (0.90 versus 0.87). The mean bias error (GISS or NCEP minus GEBA) and root-mean square error were substantially reduced in the GISS comparison (À6.45 versus À46.55 and 15.91 versus 49.18, respectively).
[26] Differences between mean annual solar radiation values were mapped to indicate areas covered by the GEBA database and to assess potential regional biases (Figure 2 ). GEBA coverage in Europe was excellent, and sparse but extensive throughout much of Asia, North America, and sub-Saharan Africa. Gaps in coverage exist, most notably for much of South America.
[27] NCEP radiation tended to be higher than GEBA values in Europe, eastern North America, and Africa. NCEP values exceeded GEBA values slightly in Asia and parts of North America, and substantially in Australia. Differences with GISS solar radiation exhibited similar patterns, though reduced in magnitude, except in coastal South America where differences were higher than those from the NCEP comparison.
Comparisons Between NCEP and GISS
[28] Global growing season radiation over land (S) averaged over the 17-year period was 69 Â 10 22 J yr À1 for the GISS data set, and 80 Â 10 22 J yr À1 for the NCEP data set, corresponding to a 16% difference (Figure 3 ). Interannual variability of S compared to the mean was low in both cases; coefficients of variability for both data sets were less than 1%. Despite this low global value, large regional variability occurred in the GISS GSS (4 -6%; data not shown). Both data sets exhibited little temporal trend in S (<1% change over 17 years).
[29] Mean GSS declined from the tropics toward the poles (Figures 4a and 4b ). Subtropical and tropical regions with little cloud cover, particularly those desert regions associated with the descending branch of the Hadley circulation, exhibited the highest values. Persistent cloud cover in the wet tropics reduced solar radiation there.
[30] NCEP GSS generally exceeded GISS GSS except in the Amazon River basin and in central Africa. The largest absolute differences occurred in South America, Africa, and Asia (Figure 4c ). Relative differences between the data sets enhanced the higher latitudes, and ranged from >40% in many regions (NCEP higher) to 10% in the Amazon River basin (GISS higher).
[31] Trends in GSS over the 1984 -2000 study period varied regionally despite little change in the global total ( Figure 5 ). Absolute increases were highest in southern North America, central South America, and parts of Africa and southern Asia (NCEP). Large decreases in the GISS data occurred in western North America, Africa, southern Asia, and Australia; NCEP GSS declined most in tropical South America and southern Africa. In many regions, changes corresponded to less than 5% over the 17-year period, though eastern Europe experienced a 10% increase and parts of northern North America and Asia had decreases of 10% in the GISS data.
[32] NCEP GSS trends were both higher and lower than GISS GSS trends, depending on region (Figure 6 ). The largest differences occurred in the tropics and subtropics, with the magnitude of NCEP changes greater than those from GISS (10% changes in the NCEP solar radiation, whereas 5% changes in the GISS data). Growing season solar radiation increased in both data sets in the Amazon River basin, though GISS had about a 5% change versus the 10% change in the NCEP data set.
Comparison of Resulting NPP
[33] The higher NCEP solar radiation resulted in slightly greater global NPP estimates (48.8 Pg C yr to results using GISS solar radiation (47.7 Pg C yr À1 ) (Figure 7) . Both of these estimates were within the range of global NPP computed using different models and methods as reported by Cramer et al. [1999] (44 -66 Pg C yr
À1
). Only minor increases in global NPP (1.1% using NCEP radiation, 0.3% using GISS radiation) were computed over the 17-year study period using the two solar radiation data sets. Somewhat greater temporal variability occurred in the GISS NPP results compared to the NCEP NPP, as expected from the variability differences in the two estimates of S.
However, the magnitude of the difference in NPP variability is less than differences in solar radiation variability. This indicates that the estimated NPP responded strongly to fAPAR, which is modified by many mechanisms (e.g., temperature, precipitation, land use) in addition to solar radiation.
[34] The minor difference in global NPP total between the runs with NCEP solar radiation and those with GISS solar radiation resulted from different values of e*. The groundbased studies used in the calibration of e* are limited in spatial extent, resulting in the minor difference in global NPP totals. If e* were the same for both runs, differences in mean NPP would be greater.
[35] Mean NPP patterns (Figure 8 ) resulted from not only the input solar radiation but also from fAPAR as derived from satellite observations as well as from climate downregulators that limit growth in suboptimal conditions. Thus, although NPP patterns decline from equator to pole following solar radiation, additional structure appears in the mean NPP map. Tropical forests had the highest NPP, while desert NPP was near zero, somewhat of a reversal of solar radiation patterns.
[36] Differences in mean NPP between the two runs varied substantially for different regions despite similar global values. In the extratropics, NPP from NCEP solar radiation exceeded that from GISS solar radiation by 50 g C m À2 yr À1 , corresponding to differences of 5 -30% (Figure 8 ). In contrast, in the Amazon River basin, central Africa, and southeast Asia, NPP from GISS solar radiation was greater by 100 g C m À2 yr À1 or more (5 -20%). Relative differences in mean NPP were similar to relative differences in mean solar radiation (see equation (3), though e* varies between the two runs). However, the large absolute differences in these tropical areas compared to other areas, in spite of small relative differences, underscores the importance of analyzing absolute and relative amounts.
[37] Similar to mean NPP, large changes in NPP from GISS solar radiation are evident regionally in spite of little change in global NPP (Figure 9 ). Particularly notable are increases in the north central United States, Brazil, parts of Eurasia, and the Sahel, and large decreases in eastern Mexico and throughout much of the tropics. Viewing the trends as percent increases enhances the response of dry and tundra areas, which generally increased; changes in tropical NPP ranged from a 10% reduction to a 20% increase.
[38] Absolute trend differences between NPP computed with GISS and with NCEP solar radiation were largest in the tropics, particularly in South America and Africa where both positive and negative differences occurred (Figure 10a ). In terms of percent increases over the study period, NPP changes differed by 10% in these regions. Similar magnitude percent increase differences can be seen in Eurasia (Figure 10b ).
Impacts of Solar Radiation on NPP Trends
[39] In this section, I discuss how changing solar radiation affects estimated NPP. Shifts in solar radiation can be manifested in the modeled NPP in two ways. The first is directly through the specification of PAR in equation (3). The second is indirectly through a change in vegetation in response to changing radiation conditions. This vegetation change would be revealed as a change in NDVI and therefore fAPAR. I explore these effects by analyzing time series of NPP inputs at one location and by investigating the effect of using a mean annual cycle of solar radiation in an additional global NPP run.
[40] I selected a location in British Columbia, Canada (see Figure 5b ) that had the largest percent decrease in GISS solar radiation over the study period. Monthly trends in input variables and in the resulting NPP were computed and plotted relative to mean annual cycles (Figure 11 ). Solar radiation at this location decreased throughout the growing season, with the largest reductions occurring in the middle of summer. In contrast, fAPAR was nearly constant through much of the growing season, except in July, when it increased. NPP decreased slightly in the early growing season, then increased in July as a result of the fAPAR increase. Inspection of the precipitation trends reveals that precipitation increased substantially in July, likely causing the increase in fAPAR and NPP and counteracting the effects of reduced solar radiation. In fact, the decrease in solar radiation was probably linked to the increase in precipitation through enhanced cloudiness.
[41] To explore the direct effect of solar radiation, I calculated the mean annual cycle of GISS solar radiation at each grid cell, then used that to estimate NPP instead of using the interannually varying data set. NPP trend differences were largest in the Amazon River basin, where the use of interannually varying solar radiation increased trends by 4 g C m À2 yr À1 (Figure 12a ). Weak enhancement of trends is evident in eastern Europe. Decreases occurred throughout much of the globe. Differences in relative increases were of the order of 5-10% in many locations (Figure 12b ).
Discussion
[42] GISS solar radiation matched ground-based observations much better than NCEP values, a result consistent with other findings. Both the NCEP and GISS solar radiation data sets were computed with efficient radiative transfer models that were designed for use in GCMs. These models include parameterizations of radiative transfer processes to allow rapid estimation of radiative fluxes at high spatial and temporal frequency. Important radiative processes such as multiple scattering by molecules and cloud particles as well as absorption by the major gases and cloud particles are included in both models. Because (1) the physical processes involving radiative transfer are well known and well studied, (2) the parameterizations used are sufficiently accurate for surface solar fluxes [Fouquart et al., 1991] , and (3) the two models are similar in complexity (except that the GISS model accounts for aerosols), it is likely that differences in the solar radiation data sets are not attributable to differences in the radiative transfer modeling. Instead, the major differences are due to inputs, primarily clouds but also aerosols. Satellite observations of clouds (ISCCP) provide more confidence in the resulting GISS solar radiation data set than the model-derived clouds of NCEP. In addition, the inclusion of aerosol effects in the GISS data set, including interannually varying stratospheric aerosols, resulted in more realistic estimates. [43] The longer temporal extent of the NCEP data, available from 1948 to the present, makes this data set attractive for studies that require these additional years. However, it is recommended that studies of solar radiation effects on ecosystems compare NCEP and GISS data during 1984 -2000 to improve confidence of results.
[44] GISS solar radiation declined by 0.4% during 1984 -2000, with no obvious upward trend in the 1990s. This behavior is in contrast to the suggestion of an increase in the 1990s discussed by Cohen et al. [2004] . Difficulties arise when comparing these two results directly, however. First, Cohen et al. [2004] summarized mainly ground-based studies, and second, this study discusses only growing season radiation, not annual radiation. Additional investigation is required to resolve this issue.
[45] Changing solar radiation influenced NPP estimates less than changes in other drivers such as temperature and precipitation, though separation of these factors is difficult because fAPAR responds to all drivers. Most regions experienced changes in solar radiation of 5%. Furthermore, increases in solar radiation often are accompanied by decreases in precipitation (and the reverse) whose influence is typically stronger, thereby masking the influence of solar radiation on NPP. As a result, the indirect effects of solar radiation on NPP through changing fAPAR were not detectable. Regionally, the direct effect caused NPP trend changes of over 10% in some areas during 1984 -2000.
[46] Other studies of global carbon fluxes report different results than those found here. Nemani et al. [2003] reported an NPP increase in the Amazon River basin of 27%, responsible for driving 40% of their estimated global increase of 6%, and attributed this change to increased solar radiation. In this study, I found lower changes in NPP in this region and little global trend (1% with NCEP solar radiation). Much of this difference was likely due to the different NDVI data sets used (Nemani et al. used the mean of an earlier version of the GIMMS NDVI and the Pathfinder NDVI). Some of the difference was also a result of the different ecosystem models used (CASA versus BIOME-BGC) and the slightly different time periods (1982-1998 versus 1984-2000) . Cao et al. [2002] used a carbon cycle model driven by observed climate, CO 2 concentrations, and vegetation distribution to compute carbon fluxes in the 1980s and 1990s. In contrast to this study, their estimates were not constrained by satellite observations of fAPAR. The authors estimated that NPP increased by 5% from 1981 to 1998.
[47] The partitioning of incident solar radiation into diffuse versus direct components affects photosynthesis. The addition of clouds and aerosols results in a higher diffuse fraction of total incident radiation that is thought to stimulate photosynthesis through increased radiation on shaded leaves [Roderick et al., 2001] . Higher stratospheric aerosol loadings following the eruption of Mount Pinatubo increased the diffuse fraction [e.g., Molineaux and Ineichen, 1996] , and Gu et al. [2003] reported a resulting increase in photosynthesis in a temperate deciduous forest. In contrast, studies of tree ring records, atmospheric transport models, and ecosystem models find that the cooling effect following an eruption outweighs the effect of additional incident radiation [Angert et al., 2004; Krakauer and Randerson, 2003; Lucht et al., 2002] . Changing diffuse versus direction conditions are only considered in CASA through changing vegetation (fAPAR) and are thus a possible source of uncertainty, although it is currently unclear whether these effects have a large impact.
[48] GISS S declined in 1991 and 1992. Mount Pinatubo erupted in June 1991, and was responsible for a large part of this decrease [e.g., Minnis et al., 1993; Molineaux and Ineichen, 1996 ]. An El Niño event occurred in 1991 -1992, and possible changes in cloudiness in response may have caused reductions in solar radiation. However, GISS S was above average during other El Niño events (1986-1987, 1997 -1998) , suggesting that El Niño effects were minor. In contrast to GISS S, NCEP S increased in 1991 and 1992, contrary to expected and highlighting the importance of including stratospheric aerosols when studying this time period.
[49] The NPP response in 1991 and 1992 included solar radiation, temperature, and precipitation effects. Both runs show declines from 1990 to 1991, possibly in response to both the Mount Pinatubo eruption and the El Niño, although residual contamination of the processed NDVI by stratospheric aerosols may still exist. The decrease in NPP from 1990 to 1992 was estimated at 2.3 Pg C yr À1 as derived from the NCEP solar radiation, but 3.2 Pg C yr À1 in the GISS NPP, a 40% increase. The greater difference in GISS NPP resulted from a higher value in 1990 (prior to the eruption) as well as a lower value in 1991. GISS NPP was also substantially lower than NCEP NPP in 1992. Thus the use of GISS solar radiation enhanced the global response of vegetation in the years following the Mount Pinatubo eruption compared to the results using NCEP solar radiation.
Conclusions
[50] Global ecosystem models that require solar radiation as input have several alternatives available. Two represen- tative data sets, one based on satellite-observed clouds (GISS) and one from numerical weather prediction reanalyses (NCEP), were selected for comparison. GISS estimates had substantially reduced errors relative to ground-based observations compared to solar radiation from NCEP. Hence it is recommended that studies utilize GISS solar radiation where possible. However, the temporal extent of the GISS data set (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) limits the utility of these estimates in longer-term studies. Selection of a solar radiation data set will strongly affect the regional results of models that compute carbon stocks and fluxes (e.g., the net carbon flux) since NPP is the input of carbon into ecosystems.
[51] Globally, GISS growing season solar radiation was lower than the NCEP value by 16% as a result of higher cloudiness. Locally, NCEP values exceeded GISS values by 10 -60%. Little trend over the study period (1984 -2000) existed in either data set at the global scale, though regional changes in the GISS solar radiation were up to 10%. Differences in percent changes between NCEP and GISS solar radiation were 10% in some areas.
[52] The adjustment of the maximum light use efficiency in the CASA model accounted for the differences in mean solar radiation between the two data sets, leading to similar global NPP means. Local absolute differences in mean NPP were largest in the tropics, and relative differences exceeded 20% in regions throughout the globe. Trends in global NPP Figure 11 . Monthly mean annual cycles and trends from 1984 -2000 of inputs and resulting net primary production for the location in British Columbia, Canada, with a large decrease in solar radiation. See Figure 5b for location. Solar radiation is from the GISS data set. Units of trend lines are same as for mean annual cycles (listed at left) but with additional yr À1 . were 1% or less over the study period. Using the GISS solar radiation, local NPP changes of >30% occurred, with differences compared to NPP using NCEP radiation of 10% in some areas.
[53] The indirect effect of solar radiation on production, through changing fAPAR, could not be detected in the satellite observations. This was likely a result of the anticorrelation of solar radiation and precipitation, whose influence is stronger in most ecosystems. The direct effect on NPP trends was assessed by estimating NPP with a mean annual cycle of solar radiation, and resulted in regional differences of up to 10%.
[54] Global NPP increased by 1% using the NCEP solar radiation data set compared to the 6% estimated by Nemani et al. [2003] . The lower value of this study can be attributed to different NDVI data sets, carbon cycle models, and years (1984 -2000 in this study, 1982 -1999 in the work of Nemani et al. [2003] ). The NPP increase associated with the GISS solar radiation was smaller throughout much of the globe compared to that using the NCEP reanalysis product. In the Amazon River basin, to which Nemani et al.
[2003] attributed 40% of their increase, I found substantially larger NPP trends in the northern half of the basin with the GISS data compared to the NCEP data but substantially smaller trends in the southern half of the basin.
[55] The choice of solar radiation data set in ecosystem modeling studies may continue to be driven by availability during the time period of interest. However, for studies during the 1980s and 1990s, GISS solar radiation should be used owing to its inclusion of observed clouds. In addition, studies that investigate the ecosystem consequences of postMount Pinatubo atmospheric conditions should include the GISS data that account for changing aerosol conditions. Satellite-derived data sets are better-constrained estimates of solar radiation than those from reanalyses, and should be utilized when possible.
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